State monitoring and fault diagnosis of an internal combustion engine are critical for complex machinery safety. In the present study, a high-frequency vibration system was proposed based on Fiber Bragg Grating (FBG) cantilever sensor and intelligent algorithm. Structural vibration signal containing fault information of engine valves and oil nozzle was identified by FBG sensors and preprocessed using wavelet decomposition and reconstruction. Moreover, vibration energy was taken as fault characteristics. Subsequently, a fault identification model was built based on multiclass -support vector classification ( -SVC). Experimental tests on the valve fault and fuel injection advance angle fault were performed and presented to verify the efficacy of the proposed approach. The results here reveal that the proposed method exhibits excellent fault detection performance for ICE fault identification. Furthermore, the proposed method can achieve higher performance than other methods in the fault identification accuracy.
Introduction
The working state of valve or oil nozzle is an important condition for engines, covering all petrol engines and diesel engines. Any defect in valves or oil nozzle will lead to the loss of engine power and even cause permanent damage. Thus, to avoid fatal failure of valves or oil nozzle and to reduce the secondary damage caused by breakdowns, it is urgently required to detect valve or oil nozzle defects quickly and accurately [1, 2] .
Vibration analysis is one of the techniques that have been used for engine condition monitoring and fault diagnosis successfully. While engine is operating with different faults, the corresponding vibration signal will change, as reflected in the resonant frequency component changes [3, 4] . With the advancement of fiber optic sensing technology, a novel principle and method has been provided for condition monitoring and diagnosis of machinery. FBG sensors exhibit compact structure, good insulation, easy installation, high reliability, easy to build sensor networks, and other prominent advantages [5, 6] . Accordingly, FBG sensors are considered an ideal choice for detecting engine vibration [7] [8] [9] .
With the improvement in the precision of the engine, automatic intelligent diagnosis technology with accurate recognition and prediction results is urgently required. Thus far, numerous studies have been conducted on fault diagnosis algorithms, e.g., expert systems [10] [11] [12] , artificial neural networks (ANN) [13] [14] [15] , and fuzzy logic [16] [17] [18] . Expert system refers to the use of computer storage of human knowledge, which imitates the reasoning of solving a particular problem by human expert. ANN requires a huge amount of learning to build a fault model, which is employed to perform fault diagnosis. Fuzzy logic requires considerable system input and output signal characteristics to build a model of the membership function of various variables. However, these methods need many samples for training, thereby limiting the popularization and the application of the algorithm. Support vector machine (SVM) [19] is preferred for fault diagnosis for its high accuracy and good generalization even with small samples. Thus, the algorithm has been an effective method for diagnosing mechanical faults, e.g., bearing [20] , gearbox [21] , and centrifugal pump [22] . In this study, a high-frequency system was presented based on Fiber Bragg Grating (FBG) cantilever sensor and edge filter demodulation scheme to collect vibration signals of engine valves and oil nozzle. The signals were subsequently preprocessed by wavelet decomposition and reconstruction, and vibration energy was proposed to extract fault features. Next, a multifault diagnosis model based on -SVC was built and verified on an internal combustion engine (ICE) by valve and fuel injection advance angle fault identification. The results reveal that the proposed method can achieve high predictive accuracy than the SOM neural network-based method, which was up to 95%.
Description of Proposed Algorithm
. . FBG High-Frequency Vibration Sensor Design. The sensor structure is shown in Figure 1 . The sensor is composed of three parts, namely, an equi-intensity cantilever beam of dimensions × × ℎ, a fixed support, and an FBG adhered on the cantilever.
Given the centroid of the equi-intensity cantilever beam with no-load locating at position /3, the eigenfrequency is expressed as
The parameters of the sensor were set as listed in Table 1 . The natural frequency is 14.8kHz, which is given by (1) .
A finite element model of the first order was built to explore the harmonic response frequency characteristics of the sensor by ANSYS (Figure 2 ). The natural frequency is 8.9kHz, lower than the theoretical value caused by lateral . . FBG Demodulation System. The structure diagram of the demodulation system is given in Figure 3 . The system consists of an ASE light source without flat processing, a circulator, a photoelectric conversion and amplification circuit, an FBG vibration sensor, and a data processing unit as well as a computer. The ASE light source offers the system a light source, and its spectral linear segment serves as an edge filter. The circulator provides an optical signal loop, while its unidirectional feature can prevent the transmission of the reflected light into the light source. The FBG vibration sensor converts the valve vibration signal into a light intensity signal. The intensity signal, which is collected by the data processing unit, is converted into a voltage signal by the photoelectric conversion circuit. The computer displays the voltage signal. The demodulation system works as follows: when reflection peak of FBG vibration sensors shifts û , caused by engine structure failure vibration signals, its intensity will vary owing to the modulation effect of ASE source hypotenuse filter. This change is converted to a voltage signal by photoelectric conversion and amplification circuit. Afterwards, the voltage will be collected by the data processing unit and displayed by computer.
The peak sample frequency of the system is 200 kHz, and its demodulation precision is 2.5mV/pm. The wavelength of FBG sensor was set ranging from 1533 nm to 1536 nm, which is the maximum slope position of the ASE light source spectral curve. Given the intensity of vibration signals, the wavelength was selected to be 1534 nm and stretched to 1534.570 nm by preloading.
. . Fault Diagnosis Formulation. The process of building the model, based on -support vector classification ( -SVC) technology [23] , is illustrated as follows.
To diagnose the fault, the convex optimization problem solved by -SVC is defined as min , , ,
denotes the training sample count; ∈ , = 1, . . . , is the extracted fault features; is feature dimension. ∈ {1, −1} is category label. is normal vector; is slack variable; 0 < ] ≤ 1 is a hyperparameter that denotes an upper bound on the fraction of training errors and a lower bound of the fraction of support vectors; refers to a nonlinear function that maps the input space into a higher dimensional space, and is threshold. The solution of (2) is obtained by its dual Lagrange equation
. . ∑ 
where denotes the nuclear wide. By solving (3) with (4), the final -SVC model can be expressed as
Equation (5) is the -SVC classifier model. If ( ) ≥ 0, the fault state belongs to fault type and if ( ) < 0. Thus, it does not belong to fault type .
To solve multiclassification problems, multiclassifier based on directed acyclic graph (DAG) [24] and -SVC was proposed. Considering an example of fault type, a total of ( +1)/2 -SVC classifiers were built, and the fault diagnosis model based on -SVC and DAG is shown in Figure 4 . The fault diagnosing process is as follows: when identifying any of the fault samples, first, start from 01 vs ; if the recognition result is fault 1, enter the right to 01 vs − 1; otherwise, enter the left to 02 vs . Repeat the mentioned process until arriving one node of the last layers of the model, which is the fault to be identified.
Experiments and Analysis
To validate the proposed fault diagnosis method, the valve and fuel injection advance angle fault experiment were performed.
. . Experiment Setup. The experimental setup used for valve fault diagnosis is shown in Figure 5 . The test system consists of a H195 diesel engine, an FBG acceleration Mathematical Problems in Engineering 5 sensor, and a fiber grating demodulator as well as a computer. The FBG acceleration sensor attached on cylinder head by epoxy adhesive sensed the vibration changes of engine structure and converted them into FBG wavelength changes. The wavelength changes were captured by the fiber grating demodulator and then transferred to computer via network. In this case, nine types of fault types under no-load condition (e.g., normal state), shown in Tables 2 and 3 , were involved in the experiment. The vibration signals were continuously acquired by the FBG vibration sensor, while keeping engine speed varied from 800 rpm to 1200 rpm at 200 rpm steps per min. 243 samples for fault type were acquired in the tests, while the sampling point was set to 40000. The waveforms of the nine operating states at 1200rmp in time domain are shown in Figure 6 . Figure 6 suggests that the dynamic signals were accurately detected by FBG acceleration sensor, which reveals that FBG sensor can be used for engine structural fault identification. However, the figure also suggests that it was hard to distinguish their fault state depending on the time domain vibration signals individually.
To find the differences between different fault types, the vibration signals collected at different valve clearance in time domain and frequency domain were analyzed. Normal state with valve clearance 0.4mm, intake valve clearance 0.3mm (s.t fault type IV), and abnormal state with intake valve clearance 0.7mm (s.t fault type VI) were taken as an example. The results are shown in Figure 7 , showing that there were significant differences in frequency domain at 900 Hz∼1400Hz and 1650 Hz∼ 1850Hz.
. . Feature Extraction. To extract fault characteristics, the collected signals were decomposed by wavelet decomposition and reconstruction. Besides, the vibration energy was calculated by the processed formula, which was defined as follows.
Continuous vibration signals are denoted as function ( ), which meet the following conditions within the range of real numbers:
Given the time series = ( ( ), (2 ), . . . , ( )) obtained by sampling, the vibration energy is expressed as
1 = 0, 1, 2, . . . , , 2 = 1, 2, . . . , , and 2 ≥ 1 . denotes the sample Interval; is the total sampling points.
( 0 ) is the initial state of the vibration signal.
The vibration signal of fault type I at 1000 rpm processed by wavelet decomposition and reconstruction with DB4 wavelet function is shown in Figure 8 . Subsequently, the vibration energy of processed signals is calculated by (5) . Three samples of each fault type were taken as examples. The results, used as feature vectors, are listed in Table 4 .
To conclude the relationship between the vibration energy and the engine fault directly, the first feature vector of each fault type was normalized and plotted in the same coordinate system, as shown in Figure 9 . Figure 9 shows that all faults have different feature vectors. Accordingly, the vibration energy of decomposed vibration signals can be extracted as the fault characteristic. training and verifying the constructed model by model testing.
For model training, the experiments were performed 3 times on ZH195 diesel engine by keeping the engine speed from 800 rpm to 1200 rpm at 200 rpm steps under no-load condition. Thus, 9 groups of vibration signals were obtained, and the fault features were extracted. Subsequently, the engine state shifted from fault II to fault IX, and the same experiments were performed. 81 groups of vibration signals were detected, and the fault features were extracted. Finally, the fault detection model based on multiclass -SVC was trained. In this study, hyperparameter was set as 4, and hyperparameter was set as 32 using the cross validation. The training result is shown in Figure 10 . It is found that the multiclassification -SVC method identified different fault type accurately.
When the model was built, further experiments were performed from fault I to fault IX, and the experiment count was set as 162. Thus, 162 groups of vibration signals and their relevant fault feature were extracted to verify the correctness of the model. The result is shown in Figure 11 , showing that the average accuracy of fault identification reached 96.3%. The result here reveals that the proposed fault identification method can be effectively used for diagnosing the engine fault.
The fault identification performance of the built model based on -SVC was compared with the results of SOM (SelfOrganization feature Map) neural network. The SOM neural network refers to a self-organizing, self-learning network consisting of a fully connected array of neurons [25] . It is preferred for fault classification for its high accuracy even with small samples. was set as 36, and the number of training steps was set as 500. The identification results are listed in Table 5 , showing that the fault model based on -SVC achieved higher fault identification rates.
Conclusions
In the present study, a novel ICE fault identification method combining FBG vibration sensor and SVM was proposed. The experimental tests on the valve fault and fuel injection advance angle fault were performed and presented to verify the efficacy of the newly proposed approach. The experimental case studies reveal that the proposed method exhibit excellent fault detection performance for ICE fault identification. Compared with SOM neural network-based method, the proposed method can achieve higher fault identification rates. Thus, this study provided a practical and effective device for ICE fault identification in future research.
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